Introduction

22
Much of modern statistics is concerned with models of increasing complexity, with goals 23 of achieving greater realism and with addressing more complex inferences. However, some 24 areas of risk management and decision making, such as ecotoxicological risk assessment A simple view of the statistical aspects of ERA is that each substance defines a popula-41 tion of tolerances, expressed as concentrations or doses, where the tolerance is an attribute of 42 a species rather than of individuals. We wish to determine a concentration or dose, known 43 here as the environmental level of concern (ELC) for a substance, below which adverse 44 effects are unlikely to occur to the ecological community being considered. However, practi- there is a presumption that harm will be caused'. A more refined approach, which we 52 follow, is to adopt a simple statistical model for the measured tolerances which are treated 53 as a random sample from a population of species tolerances and to use the model to help 54 determine the ELC.
55
In practice, the species measured are not chosen randomly but the same procedure 56 is followed, based effectively on the more realistic assumption, familiar to the Bayesian 57 community, that all species tolerances for the new substance are a priori exchangeable.
58
However, there is a body of informal evidence that the assumption of exchangeability is 59 invalid, particularly in relation to pesticide exposure for one fish species, Oncorhynchus 60 mykiss (rainbow trout). We explore a sequence of issues necessary to gaining a good view 61 on how practically to allow for non-exchangeability in ERA: testing for non-exchangeability, 62 tractable extension of standard modelling, estimation of hyper-parameters representing non-63 exchangeability and variance heterogeneity, risk measures and rules for determining the 64 ELC, defensibility of a key assumption and alternative models for non-exchangeability.
65
The crux of the issue is that simplicity may be better than complexity, even when 66 simplicity results in some relative weaknesses. The take-up of more complex statistical 67 methodology in ecotoxicology is slow. Moreover, the regulatory process is controlled indi-68 rectly by legislation and directly by the risk managers who are not research scientists but 69 who are required to be able to defend the risk management process when it is scrutinised by 70 commercial or consumer interests. Procedures which involve relatively small adaptations of 71 familiar techniques are seen to be more transparent and to be more defensible. Thus our 72 focus is on the detection of non-exchangeability and on tractable ways to adapt current ERA 73 methodology to allow for non-exchangeability in a pragmatic and parsimonious manner. 
Ecotoxicological risk assessment
75
The decision making process in ERA is based on so-called risk characterisation (ECHA, Under current EU regulatory technical guidance, this fundamental approach to con- tolerance measurements for standard test species often act as proxies for many communities.
130
It is the role of higher tier ERA to assess risk to (exposure site-) specific communities.
131
Standard parametric models for the SSD, motivated by pragmatism, are the log-normal is hazardous to p% of species in an ecological community (Alexander and Fairbridge, 1999, 137 p. 235), and for all intents and purposes defines the ELC subject to an additional SSD-138 specific assessment factor. A widely accepted protection goal is p = 5 (ECHA, 2008a). In 139 Figure 1 we show an SSD estimated from tolerances for fish species exposed to the herbicide 140 trifuralin.
141
The distributional assumptions and standard approaches to quantifying risk lead to rules 142 for determining the ELC which typically all have the same form: the geometric mean of the 
Non-exchangeability
147
The concept of SSDs involves many assumptions, some of which are un-testable (Forbes 148 and Calow, 2002b). However, with a few exceptions such as Duboudin et al. (2004) mykiss is a standard test species (Rand, 1995, p. 78 ).
160
The issue of (non)-exchangeability has largely been ignored in ERAs. Raimondo showing graphically that its tolerance tended to be less than the geometric mean tolerance 190 of other species measured on the same pesticide. We provide a more formal approach.
191
We investigate the null hypothesis that species tolerances are a priori exchangeable for 192 each new substance, particularly pesticides. We propose two non-parametric tests, based 193 on the ranks of an available toxicity database described below, motivated by the familiar 194 sign and rank-sum tests for differences between two populations; the latter is more powerful 195 but less robust as it is more sensitive to outcomes for individual substances. We chose a 196 non-parametric approach to testing, despite the fact that the modelling approach in later 197 sections is parametric, so that we could be sure that any test we used was actually providing 198 evidence of non-exchangeability rather than evidence against parametric assumptions. on substance i in the database is denoted n i , and m j is the number of substances on which 208 species j has been tested. We also denote r ij to be the rank of the measurement for species 209 j amongst those tested on substance i, ties being assigned the average of the corresponding 210 ranks. We use log-transformed tolerance for several reasons: (i) variability is stabilised The data are by no means a complete factorial design; the EC 50 has only been measured 
Sign test
221
Under the null hypothesis of exchangeability, the tolerance of a species should be equally 222 likely to appear above or below the median of the data for each substance. For each species,
223
we can apply the binomial distribution to determine whether it occurs too often on one or 224 other side. We ignore those substances where tolerance of the species equals the median; 225 although this may reduce power, it leads to a simple exact conditional test. 
231
Results from applying this test to the RIVM database are displayed for the ten species 232 with the smallest P -values in be the sum of r ij over those substances for which the species has been tested. In effect,
244
this gives more weight to substances for which more species have been tested. Conditional 245 on n i , under the null hypothesis, each r ij is uniformly distributed on the integers 1 to n i ,
246
provided there are no ties, and is independent for different values of i.
247
The exact null sampling distribution of the test statistic is computationally intractable to be more effective. As our activity is largely exploratory, we simply show P -values from 254 the normal approximation in Table 2 some information about the average position of a species across a population of substances.
260
Interpretation of Table 2 is subject to the same caveat as for Table 1 . It should be seen
261
as providing further evidence of the apparent non-exchangeability of O. mykiss tolerances.
262
Many of the same species appear and for those species the effect sizes in Table 2 which is shown by Tables 1 and 2 to have a tendency to be less sensitive on average. 
Modelling
282
We now suppose that there is a single special species which has non-exchangeable tolerance 283 values. We revise our notation so that y † i denotes the log-tolerance of the special species
284
for substance i and y ij the log-tolerance for the other species.
285
Under a priori exchangeability, the standard model is that y ij are independently sam-
We alter this only for the special species for which we specify 
Hyper-parameter estimation
332
There are two groups of hyper-parameters: the non-exchangeability parameters k and φ 333 which appear in both M1 and M2 and the heterogeneity parameters α and β which apply 334 only to M2. In both cases, we use θ as a short-hand for the hyper-parameters.
335
We distinguish two groups of substances for which data may exist although they may 336 not necessarily be publicly accessible. G 1 is the group of substances, deemed to be relevant 337 to the new substance, for which the tolerance of the special species has been measured.
338
Under M2, we also need the collection G 2 of substances considered relevant for estimating 339 α and β. Note that under M2, we have to simultaneously estimate the non-exchangeability 340 and heterogeneity parameters as they are linked through the likelihood. We shall assume 341 that G 1 is a subset of G 2 ; although possible, it seems unlikely that substances would be con- is the cumulative distribution function of the standard normal distribution and we write 428 PAF(δ) to emphasise dependence on the decision rule.
429
The [AJ] approach is to demand high probability that PAF(δ) is less than p%. The risk 430 manager specifies p, often taken to be 5 in practice, and a credibility requirement γ; the 431 decision rule is to find δ so that γ is the probability that PAF(δ) is less than p/100. Noting 432 that PAF(δ) ≤ p/100 if and only if δ ≤ log 10 (HC p ), δ satisfies
where K p is the (100 − p)-th percentile of the standard normal distribution; the resulting κ p 
445
To obtain the simple form δ =μ − κ pσ , we have to assume that the hyper-parameters 446 θ are known/specified precisely so that we actually compute the probability in (1) and the 
Consequences of non-exchangeability
458
Application of revised decision rules will ultimately yield different consequences, but it is not the estimates are those which will be used in the decision rules we propose for risk managers
480
and it is the consequences of the change to those rules which we wish to evaluate. 
Consequences of ignoring hyper-parameter uncertainty
482
In Section 6, we assumed that hyper-parameter uncertainty could safely be ignored, resulting possible when θ is uncertain but it is not easy to ensure reliability or accuracy.
489
However, the left-hand sides of (1) and (2) can each be seen as measuring performance that slight under-protection occurs more often than over-protection.
519
Earlier, we examined the sensitivity of hyper-parameter estimates to our choice of prior 520 distribution for the hyper-parameters as we cannot be sure that our chosen prior is the best 521 representation of prior knowledge. We also evaluated the attained performance for each 522 substance of each δ shown in Figure 2 using the posterior distribution for µ and σ obtained 523 using each of the alternative priors described in Section 5. Naturally, there were some undermines the calculation, especially given that the estimates are based on the same data. serious, conceptual problem is that the SSD is supposed to be a surrogate for ecosystems.
593
In our current proposal, the SSD does not describe the special species and protection is still 594 achieved purely in terms of the SSD although the special species contributes information.
595
In removing more species from the SSD, we would eventually have to consider how to use 596 the SSD together with the special species' tolerances in order to achieve protection goals. µ has a normal distribution with meanμ and variance σ 2 /(φ −2 + n − 1), given by (3) and distribution for µ and σ 2 : (i) µ − K p σ has a re-scaled non-central t-distribution; and (ii) the 738 predictive distribution of a further observation is a re-located and re-scaled t-distribution.
739
For [AJ], the decision rule follows directly from (i), while for [EFSA], one needs to note that 740 E(PAF(δ)) is the probability that the tolerance of a random species lies below δ, which is
741
given by (ii). 
whereα andβ are defined as underneath (7) 
